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Neighborhood Characteristics and Hypertension
Mahasin S. Mujahid,a Ana V. Diez Roux,a Jeffrey D. Morenoff,b Trivellore E. Raghunathan,c
Richard S. Cooper,d Hanyu Ni,e and Steven Sheaf,g
Background: The goal of this study was to investigate cross-
sectional associations between features of neighborhoods and hy-
pertension and to examine the sensitivity of results to various
methods of estimating neighborhood conditions.
Methods: We used data from the Multi-Ethnic Study of Atheroscle-
rosis on 2612 individuals 45–85 years of age. Hypertension was
defined as systolic blood pressure above 140 mm Hg, diastolic
pressure above 90 mm Hg, or use of antihypertensive medications.
Neighborhood (census tract) conditions potentially related to hyper-
tension (walking environment, availability of healthy foods, safety,
social cohesion) were measured using information from a separate
phone survey conducted in the study neighborhoods. For each
neighborhood we estimated scale scores by aggregating residents’
responses using simple aggregation (crude means) and empirical
Bayes estimation (unconditional, conditional, and spatial). These
estimates of neighborhood conditions were linked to each study
participant based on the census tract of residence. Two-level bino-
mial regression methods were used to estimate adjusted associations
between neighborhood conditions and hypertension.
Results: Residents of neighborhoods with better walkability, avail-
ability of healthy foods, greater safety, and more social cohesion
were less likely to be hypertensive (relative prevalence 95% con-
fidence interval for 90th vs. 10th percentile of conditional empirical
Bayes estimate  0.75 0.64–0.88, 0.72 0.61–0.85, 0.74 0.63–
0.86, and 0.69 0.57–0.83), respectively, after adjusting for site,
age, sex, income, and education. Associations were attenuated and
often disappeared after additional adjustments for race/ethnicity.
Conclusion: Neighborhood walkability, food availability, safety,
and social cohesion may be mechanisms that link neighborhoods to
hypertension.
(Epidemiology 2008;19: 590–598)
Living in socioeconomically disadvantaged neighborhoodsis associated with greater cardiovascular disease (CVD)
prevalence, incidence, and mortality.1–6 These associations
may be partly attributable to the effects of neighborhood
characteristics on CVD risk factors.7 Evidence suggests that
neighborhood conditions are related to body mass index
(BMI), smoking, and poor diets.7–11 Several studies have
examined the association of neighborhoods with blood pres-
sure outcomes3,6,12–14 with some documenting associations
with neighborhood disadvantage3,12–14 and others failing to
document any effect.6
A major limitation of past work on neighborhood envi-
ronments and CVD has been the use of neighborhood socioeco-
nomic position as the neighborhood-level variable investigated.
The use of this measure raises methodologic questions regarding
the extent to which aggregate and individual-level socioeco-
nomic position can be meaningfully separated empirically.15 It
may also result in incorrect estimates of neighborhood health
effects if neighborhood socioeconomic position is a poor proxy
for the true neighborhood construct of interest. The use of area
socioeconomic position does not allow investigation of the
specific causal processes linking neighborhood environments
with CVD risk.7,16 Consequently, researchers have called for
work that examines how specific neighborhood features are
related to health outcomes based on conceptual models of the
processes involved.7,11,16–18
Blood pressure may be related to neighborhoods through
multiple mechanisms. Potential hypertension-inducing features
of neighborhoods include limited access to resources conducive
to healthy lifestyles (availability of healthy foods, walking en-
vironment) and an excess of neighborhood stressors (violence
and poor social cohesion). Although it is sometimes possible to
measure features of neighborhoods using existing databases,19,20
these sources are often limited. Studies have begun to explore
the use of innovative techniques for directly collecting data on
neighborhood environments21–23 including systematic social ob-
servation21,22,24 and surveys of area residents.23,25,26
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We used data from the Multi-Ethnic Study of Athero-
sclerosis to examine cross-sectional associations of specific
features of residential environments with blood pressure. Our
analysis had 3 aims: (1) to develop measures of neighborhood
environments using traditional and novel methods of estima-
tion, (2) to estimate cross-sectional associations between
specific features of neighborhood environments and hyper-
tension, and (3) to test the sensitivity of these associations to
various methods of scale estimation. Based on a conceptual
framework,7 we hypothesized that residents living in neigh-
borhoods with poor walking environments, limited access to
healthy foods, lack of safety, and lack of cohesiveness among
neighbors would have a higher prevalence of hypertension.
METHODS
The study sample is comprised of participants of the
Multi-Ethnic Study of Atherosclerosis, which is a longitudi-
nal study of 6814 adults aged 45–84 years without clinical
cardiovascular disease at baseline.27 Participants were re-
cruited between August 2000 and July 2002 from 6 study
sites (Baltimore, MD; Chicago, IL; Forsyth County, NC; Los
Angeles, CA; New York, NY; and St. Paul, MN). Each study
site recruited participants from locally available sources (lists of
residents, lists of dwellings, telephone exchanges). Participation
rates among those screened and deemed eligible was 60%.
These analyses are based on baseline data for the 3 sites
(Baltimore, MD; Forsyth County, NC; and New York City, NY)
for which additional neighborhood-level data were collected.
Hypertension was defined as systolic blood pressure
above 140 mm Hg, diastolic pressure above 90 mm Hg, or
use of antihypertensive medications.28 Resting seated blood
pressure was measured 3 times using an automated oscillo-
metric device. The average of the last 2 measurements was
used for analysis.29 Medication use was assessed through
questionnaire. Results were similar when we used continuous
blood pressure adjusted for medication.
Information on neighborhoods was obtained through an
ancillary study designed to measure neighborhood character-
istics at 3 sites. A sample of 5988 individuals residing in the
same neighborhoods (census tracts) as study participants
were asked to rate their neighborhood via a telephone survey.
Surveying people who were not study participants avoids the
potential for same-source bias (eg, individuals who are sed-
entary may rate their neighborhoods worse on recreational
resources than their more active counterparts, irrespective of
the actual conditions of the neighborhood) and also allows
aggregation across multiple respondents yielding a more
valid measure. The survey recruited a median of 8 individuals
per neighborhood (census tract) (range 1–62) and a total of
576 neighborhoods were represented (276 in Maryland, 71 in
North Carolina, and 297 in New York). Additional details on
the survey are described elsewhere.23
The telephone questionnaire asked individuals to report
on conditions for the area about a mile around their home. We
assessed 4 neighborhood dimensions: walking environment
(7 items), availability of healthy foods (3 items), safety (3
items), and social cohesion (4 items) (Table 1). Scale items
representing each of the dimensions were adapted from pub-
lished work whenever possible.26,30–34 Respondents indi-
cated agreement with items on a 5-point Likert scale (1 
strongly agree to 5  strongly disagree) (Table 1). Items within
each neighborhood dimension had good internal consistency
(Cronbach’s : 0.73–0.78) and test-retest reliabilities (intraclass
correlations  0.60–0.88).23 Neighborhood scores were calcu-
lated using various methods to aggregate responses across indi-
viduals within each neighborhood (described below) and then
linked to participants in the Multi-Ethnic study of Atheroscle-
rosis using the baseline residential addresses.
Computation of Neighborhood Estimates
We contrasted 4 methods of aggregating individual
survey responses within neighborhoods to estimate the mea-
sure for the neighborhood as a whole: crude means and 3
different versions of empirical Bayes estimates (uncondi-
TABLE 1. Neighborhood Scale Items Included in the Phone
Survey to Assess Neighborhood Conditions, the Multi-Ethnic
Study of Atherosclerosis Neighborhood Study
Neighborhood Dimension Scale Item
Walking environment My neighborhood offers many opportunities to
be physically active
Local sports clubs and other facilities in my
neighborhood offer many opportunities to
get exercise
It is pleasant to walk in my neighborhood
The trees in my neighborhood provide enough
shade
In my neighborhood it is easy to walk places
I often see other people walking in my
neighborhood
I often see other people exercise (for example,




A large selection of fresh fruits and vegetables
is available in my neighborhood
The fresh fruits and vegetables in my
neighborhood are of high quality
A large selection of low fat products is
available in my neighborhood
Safety I feel safe walking in my neighborhood day or
night
Violence is not a problem in my neighborhood
My neighborhood is safe from crime
Social cohesion People around here are willing to help their
neighbors
People in my neighborhood generally get
along with each other
People in my neighborhood can be trusted
People in my neighborhood share the same
values
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tional, conditional, and spatial) as described below. Census
tracts were used as proxies for neighborhoods based on prior
work, indicating that there is better agreement in survey
responses across individuals within census tracts than within
larger units.23 These 4 methods are as follows:










where Y 00k is the crude mean for neighborhood k for a
particular neighborhood dimension, xijk is the response to
the ith item for the jth person in the kth neighborhood, njk
is the number of individuals j within neighborhood k, and
ni is the number of scale items.
Using this approach, we calculated a neighborhood
mean scale score for each neighborhood k by summing across
i items within an individual, summing across j individuals
within neighborhood k and dividing by the number of items
i and the number of individuals j in neighborhood k. The
strength of using the crude mean is its simplicity; there are
few assumptions involved. However, because our within-
neighborhood sample size differs across neighborhoods
(range 1–62 respondents per neighborhood), crude mean
estimates could introduce measurement error in neighbor-
hoods where only a few respondents were queried.
2. Unconditional empirical Bayes: 00k
*  ̂k ̂00k 
1  ̂k̂000
where 00k
* is the unconditional empirical Bayes estimate of
the mean scale score for neighborhood k for a particular
neighborhood dimension, ̂k is the estimated reliability of the
neighborhood level measure, ̂00k is the model estimated
crude mean for neighborhood k, ̂000 is the estimated mean
scale score pooled across neighborhoods.35
Unconditional empirical Bayes estimates were derived
from 3-level hierarchical linear models that account for the
nested structured of the data (ie, scale items nested within
individuals who are nested within neighborhoods). The level
1 model: Yijk  bojk  eijk, represents the ith response item for
the jth person in the kth neighborhood as a function of the
person-specific mean score across all items corresponding to
a neighborhood dimension (bojk), and an error term (eijk) that
is normally distributed with a mean 0 and variance 2. The
level 2 model: b0jk  00k  0jk models the person-specific
mean score for a person j in neighborhood k as a function of
the neighborhood specific mean (00k) and a random effect
for person j in neighborhood k (0jk) that is normally distrib-
uted with mean 0 and variance 	b. The level 3 model: 00k 
000  U00k, models the neighborhood specific mean score
for neighborhood k as a function of the overall mean score
(000) and a random effect for neighborhood k (U00k) that is
normally distributed with mean 0 and variance 	
.
23 The
empirical Bayes estimate is a weighted average of the crude
mean for each neighborhood k and the crude mean across all
neighborhoods in the study. The weights are proportional to








j 	b  2/njk 1}  1
The greater the variance across neighborhoods and the
greater the sample size within neighborhoods, the greater the
reliability. Hence, a neighborhood measure can be unreliable
if (1) there is poor agreement among the individuals within
the neighborhood as to the neighborhood conditions, or (2)
there is small within-neighborhood sample size. Because
reliability ranges from 0 to 1, with 1 representing a perfectly
reliable measure, those neighborhoods that have good reli-
ability have little shrinkage; however, those neighborhoods
with poor reliability will have greater shrinkage toward the
overall mean. Thus, the strength of this approach is that it
borrows information from other neighborhoods to improve
the estimate for unreliable neighborhoods. A limitation is that
these estimates might introduce excessive shrinkage and
mask differences between neighborhoods. On average the
neighborhood scales within our study have good reliability
with values of 0.73, 0.64, 0.77, and 0.68 for neighborhood
walking environment, availability of healthy foods, safety,
and social cohesion, respectively.23 Reliabilities were similar
when item responses were modeled using an ordered logit,
and there was no evidence of important violations of normal-
ity assumptions of the residuals. Hence, the simpler linear
models that allow estimations of means were used in all
community survey analyses.23
3. Conditional empirical Bayes: 00k
*  ̂k ̂00k 
1  ̂k̂000  ̂001Wk1  ̂002Wk2
where 00k
* is the conditional empirical Bayes estimate for
neighborhood k for a particular neighborhood dimension, ̂k
is the estimated reliability of the neighborhood level measure,
̂00k is model estimated crude mean for neighborhood k, ̂000
is the estimated grand neighborhood mean, when the neigh-
borhood-level covariates Wk1 and Wk2 are 0, ̂001, ̂002 are the
parameter estimates for neighborhood socioeconomic posi-
tion factor scores, Wk1, Wk2 are census-derived measure of
neighborhood socioeconomic position.35
The conditional empirical Bayes estimate is derived
similarly to the unconditional empirical Bayes estimate. The
difference is reflected in the level 3 model, which includes
measures of neighborhood socioeconomic position in the
estimation of the neighborhood-specific mean scale score.
Consequently, this conditional empirical Bayes estimator
pulls less reliable neighborhoods toward the mean of similar
neighborhoods instead of to the mean across all neighbor-
hoods in the study population. Similar neighborhoods are
defined as those neighborhoods that have comparable socio-
economic profiles using census-derived indicators of neigh-
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borhood socioeconomic position across various dimensions.
Information on indicators of socioeconomic position for
neighborhoods (census tracts) was obtained from the 2000
US census. Based on factor analyses of 19 variables (repre-
senting the dimensions of racial/ethnic composition, family
structure, housing, area crowding, residential stability, edu-
cation, employment, occupation, and income/wealth) we
identified 2 factors that accounted for 83% of the variance
(factor 1: % of vacant housing, % of houses without a
telephone, % of houses without a vehicle, % of unemployed
individuals, % of poverty, median household income; factor
2: % with at least a bachelors degree, % of nonmanagerial
occupation, % of households with interest, dividends, or net
rental income). These 2 factors were included as predictors in
the conditional empirical Bayes estimation.
An advantage of this conditional approach is that it uses
information on the relationship between census characteris-
tics and the scale scores to help improve the prediction for
neighborhoods with few respondents. If the measures of
socioeconomic position are good predictors of the neighbor-
hood conditions, then conditional empirical Bayes estimates
may provide better estimates than unconditional empirical
Bayes estimates. The unconditional and conditional empirical
Bayes estimates will be similar if socioeconomic position
measures are poor predictors of the scales. A limitation of
this approach is that, because neighborhood socioeco-
nomic position is used to predict the specific features, it
may not be possible to estimate the effects of these features
independent of neighborhood socioeconomic position. We
have some indication that our neighborhood scales are
mildly to moderately associated with neighborhood socio-
economic position.23
4. Spatial empirical Bayes: 00k
*  wkY 00k  (1 – wk),
where 00k
* is the spatial empirical Bayes estimate for neigh-
borhood k for a particular neighborhood dimension, Y 00k is
the crude mean for neighborhood k for a particular neighbor-
hood dimension, wk is a weight for each neighborhood k,  is
the mean of the surrounding neighborhoods.36
The shrinkage estimator for the spatial empirical Bayes
estimate was developed using GeoDa, a spatial data analysis
software package.36–38 The spatial empirical Bayes estimate
is a weighted average of the crude mean and the mean of the
surrounding neighborhoods. Surrounding neighborhoods are
defined as those surrounding areas (tracts) that have common




is a function of the interindividual variance
in the person-scale scores of the surrounding neighborhoods
() divided by the sum of the variances of the surrounding
neighborhoods () and local neighborhood (/njk). If the
variance in the local neighborhood is small (ie,  is small) or
njk is large, the weight will approximately be 1 and the spatial
Bayes estimate will equal the crude mean. However, if the
variance in the local neighborhood is large (ie,  is large or
njk is small) then more weight is given to the mean observed
in the surrounding neighborhood and thus more shrinkage
occurs. The advantage of this approach is that “unreliable”
neighborhoods are pulled toward the mean of the surrounding
area instead of the larger study area. This method has limited
utility if there is very little spatial patterning. Local Moran’s
I estimates, an indicator of the amount of spatial patterning,36
indicated moderate spatial correlation (in Maryland, 0.26,
0.24, 0.41, and 0.12 for walking environment, availability of
healthy foods, safety, and social cohesion, respectively; in
New York, 0.23, 0.27, 0.42, and 0.11; and in North Carolina,
0.29, 0.25, 0.61, and 0.34).
Individual-level variables included study site, age, sex,
race/ethnicity (white, non-Hispanic; African American, non-
Hispanic; Hispanic), education (high school; high school
diploma; some college/technical school; college graduate and
beyond), income ($25,000; $25,000–$49,999; $50,000–
$75,000; $75,000), and time lived in neighborhood (20
years, 20 years).
Due to the limitations in calculating an intraclass cor-
relation coefficient in the case of binary outcomes39,40 the
neighborhood clustering of hypertension was investigated
using the median odds ratio (OR).40 The median OR is the
median of all possible ORs obtained by comparing the out-
comes of 2 persons chosen at random from different neigh-
borhoods (with the person with the highest probability of the
outcome being placed in the numerator so that the OR can
never be 1).40 Larger median OR indicate larger between-
neighborhood variation in the outcome.
Two-level binomial regression was used to investigate
associations of hypertension with neighborhood characteris-
tics before and after adjustment for individual level covari-
ates. Exponentiated coefficients from these models were used
to estimate adjusted prevalence ratios of hypertension com-
paring the 90th to the 10th percentile of each neighborhood
dimension; 95% confidence intervals (CIs) were also com-
puted. Neighborhood dimensions were investigated in sepa-
rate models and the 4 types of estimates (crude mean and
unconditional, conditional, and spatial empirical Bayes) were
contrasted. We also investigated a summary measure of
neighborhood conditions created by summing the respective
z-scores of the 4 neighborhood dimensions.
We investigated whether associations of neighborhood
characteristics with hypertension were heterogeneous across
study site, race/ethnicity, and time lived in neighborhood by
including two-way interactions in the statistical models. We
investigated these interactions for 3 reasons. First, features of
sites such as urbanicity, transportation, and land use mix may
modify the relationship between neighborhood features and
hypertension. Second, neighborhoods may have more of an
impact on vulnerable populations for which race/ethnicity is
Epidemiology • Volume 19, Number 4, July 2008 Neighborhood Characteristics and Hypertension
© 2008 Lippincott Williams & Wilkins 593
a proxy. And third, individuals must be exposed to poor
neighborhood conditions over a substantial period of time to
adversely impact health. Interactions were retained in models
if P  0.10.
RESULTS
Of the 3265 Multi-Ethnic Study of Atherosclerosis
participants at the 3 sites, 2963 (91%) were geocoded; 2612
had complete information on all covariates of interest (80%)
and were included in analyses (Table 2). The mean age was
62 (SD  10.0), 54% were women; 43% were white (non-
Hispanic), 42% were African American (non-Hispanic), and
16% were Hispanic. Fifty percent of the sample was hyper-
tensive. Hypertension prevalence was highest in blacks and
lowest in whites. Hypertension prevalence also decreased
with increasing income and education.
A total of 495 neighborhoods were represented in the
analyses with a median of 3 participants per neighborhood
(range 1–50). As expected due to the effects of shrinkage,
variability in neighborhood-level measures was smaller for
the shrinkage estimates (the 3 empirical Bayes estimates)
than for the crude means. For example, the mean (SD) for
availability of healthy foods was 3.30 (0.61) for crude means
and 3.22 (0.37) for unconditional empirical Bayes. Correla-
tions between crude neighborhood means for the measures
ranged from 0.38 for availability of healthy foods and social
cohesion to 0.70 for safety and social cohesion.
Higher income and education were associated with
greater neighborhood walkability, availability of healthy
foods, safety, and social cohesion (Table 3). Mean neighbor-
hood conditions were poorer for minorities than for whites,
with Hispanics having the lowest mean value across all
neighborhood dimensions. Study participants in New York
lived in neighborhoods with better average walking environ-
ments and availability of healthy foods, but with worse safety
and social cohesion.
The median OR for between-neighborhood variability
in hypertension was 1.47 (between-neighborhood variance 
0.1582) and was reduced to 1.21 (between-neighborhood
variance  0.03872) when age, sex, education, income, and
race/ethnicity were added to the model. Residents of neigh-
borhoods with better walking environments, more availability
of healthy foods, greater safety, and greater social cohesion
were less likely to be hypertensive after adjusting for site,
age, and sex (relative prevalence for the 90th versus 10th
percentile for crude means 95% CI  0.80 0.72–0.89,
0.83 0.75–0.93, 0.77 0.68–0.87, and 0.83 0.74–0.93,
respectively) (Table 4). These associations were attenuated
but persisted after additional adjustments for education and
income (except in the case of spatial Bayes estimates for
social cohesion, for which associations disappeared after
adjustment). Higher values of the combined neighborhood
measure were also associated with lower prevalence of
hypertension after adjustment for site, age, sex, education,
and income (relative prevalence for the 90th vs. 10th
percentile for crude means  0.86 95% CI  0.77– 0.96).
All associations were attenuated after additional adjust-
ment for race/ethnicity.
In general, associations were slightly stronger for the
empirical Bayes estimation methods (Table 4). For availabil-
ity of healthy foods, the relative prevalence of hypertension
was 0.89 for crude means but 0.80, 0.72, and 0.65 for
unconditional, conditional, and spatial empirical Bayes re-
spectively, after adjusting for site, age, sex, education, and
income. There was no statistical evidence of interactions
between neighborhood dimensions and time lived in neigh-
borhood, study site, or race/ethnicity (P 	 0.10 for all 10 tests
for heterogeneity).
DISCUSSION
Individuals residing in neighborhoods with better walk-
ability, availability of healthy foods, safety, and social cohe-
sion had a lower probability of being hypertensive than their
counterparts in worse neighborhoods. These associations per-
TABLE 2. Selected Sample Characteristics and Prevalence
of Hypertension by Sociodemographic Characteristics for the
2612 Multi-Ethnic Study of Atherosclerosis Participants
Included in the Analyses
No. (%) % Hypertension
Study site
Baltimore 870 (33) 50
New York 903 (35) 45
North Carolina 839 (32) 52
Agea; yrs
45–60 735 (28) 30
60–75 743 (29) 48
75 1134 (43) 62
Sex
Male 1198 (46) 46
Female 1414 (54) 51
Race
White 1109 (43) 42
Black 1084 (42) 58
Hispanic 419 (16) 44
Education
High school diploma 353 (14) 60
High school diploma 537 (21) 54
Some college 765 (29) 49
College graduate 957 (37) 42
Income
$24,999 684 (26) 60
$25,000–$49,999 832 (32) 51
$50,000–$74,999 525 (20) 45
$75,000 571 (22) 37
aMean (SD)  62.3 (10.0).
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sisted after adjustment for socioeconomic indicators but were
attenuated after adjustment for race/ethnicity. The reduction
in the probability of being hypertensive associated with an
increase from the 10th to the 90th percentile of neighborhood
characteristics (relative prevalences ranging from 0.65 to 0.89
after adjustment for socioeconomic indicators) is equivalent
to the effect of a reduction in age from 4 to 14 years. Thus,
although the associations may appear small they are not
trivial. To our knowledge, this is the first study to investigate
associations of specific features of neighborhood environ-
ments with hypertension. The neighborhood walking envi-
ronment and availability of healthy foods may affect hyperten-
sion through their effects on diet and physical activity.
Additionally, poor neighborhood safety and social cohesion may
affect hypertension through physical activity and/or psychoso-
cial stress. Future work will need to investigate the impact of
neighborhood dimensions on these mediating pathways.
Associations were generally stronger for empirical
Bayes estimation methods than for crude means. Because
models with different predictors are not nested, the statistical
significance of these differences cannot be determined. We
cannot suggest a universally “best” method because the utility
of each approach may vary from context to context; however,
in general, empirical Bayes methods are generally useful
TABLE 3. Mean Neighborhood Characteristics by Sociodemographic








Overall mean (SD) 3.59 (0.43) 3.30 (0.61) 3.19 (0.67) 3.36 (0.51)
Study site
Baltimore 3.59 3.35 3.28 3.61
New York 3.69 3.43 3.11 3.24
North Carolina 3.67 3.23 3.88 3.84
Pa 0.001 0.001 0.001 0.001
Age
45–60 3.62 3.32 3.37 3.51
60–75 3.64 3.33 3.44 3.56
75 3.67 3.36 3.43 3.58
P for trendb 0.031 0.274 0.100 0.002
Gender
Male 3.64 3.33 3.44 3.58
Female 3.65 3.32 3.39 3.54
Pa 0.981 0.590 0.014 0.053
Race
White 3.76 3.49 3.71 3.75
Black 3.54 3.16 3.28 3.50
Hispanic 3.63 3.37 2.99 3.22
Pa 0.001 0.001 0.001 0.001
Education
High school diploma 3.54 3.27 3.06 3.32
High school diploma 3.57 3.28 3.36 3.52
Some college 3.63 3.30 3.42 3.54
College graduate 3.74 3.42 3.58 3.67
P for trendb 0.001 0.001 0.001 0.001
Income
$24,999 3.55 3.24 3.17 3.40
$25,000–$49,999 3.65 3.31 3.36 3.52
$50,000–$74,999 3.65 3.34 3.50 3.61
$75,000 3.77 3.49 3.71 3.75
P for trendb 0.001 0.001 0.001 0.001
Neighborhood scales estimated using crude means. All neighborhood measures range from 1 to 5
(higher scores indicate better neighborhood conditions.).
aP value for difference in mean neighborhood factor across categories of sociodemographic factors
using ANOVA models.
bP for trend represents P value for variables entered as ordinal variables into ANOVA model.
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when data are sparse, as in our case. The advantages of using
these methods over the crude means are likely to be greatest
when (1) data are sparse (unconditional empirical Bayes); (2)
data are sparse and ecologic data on predictors of the con-
struct of interest is available (conditional empirical Bayes);
and (3) when data are sparse and there is strong spatial
patterning (spatial empirical Bayes). In our case, there was
little difference across the 3 empirical Bayes methods due to
the high reliabilities of our neighborhood estimates, which re-
sulted in relatively little shrinkage. In addition, neighborhood
SEP was only a modest predictor of certain neighborhood
features (availability of healthy foods, walking environment)
and there was only modest spatial patterning in the constructs of
interest. Additional work is needed to verify improvements
yielded by empirical Bayes estimates in other settings.
The effects of neighborhood characteristics and the
spatial scale of these effects may differ across regions. We
found no evidence of heterogeneity by site; however, these
analyses were limited by sample size and the range of scales
within sites. Hence, we prefer to show estimates for the full
sample adjusted for site so that the associations are across the
full range of characteristics observed. However, we recognize
that this approach may hide site heterogeneity.
A limitation of our study is the use of census tracts as
proxies for neighborhoods. The geographic sizes of census
tracts vary according to population density (they are larger in
the Forsyth site than in the other 2 sites). In addition, census
tracts may not be the geographic areas most relevant to
hypertension. Unfortunately, there is little theory or data on
which to base hypotheses regarding the relevant spatial scale.
Area misspecification could have resulted in the relatively
weak within-neighborhood clustering of hypertension that we
documented (median OR  1.47). Despite limitations of
census tracts, we believe our analyses are informative be-
TABLE 4. Adjusted Relative Prevalence (95% CI) of Hypertension Associated With a
Difference in Neighborhood Score Equivalent to the Difference Between the 90th and
the 10th Percentile by 4 Methods
Model 1a Model 2a Model 3a
Walking environment
Crude 0.80 (0.72–0.89) 0.85 (0.76–0.95) 0.95 (0.84–1.07)
Empirical Bayes 0.77 (0.66–0.91) 0.81 (0.71–0.93) 0.94 (0.81–1.09)
Conditional empirical Bayes 0.67 (0.58–0.78) 0.75 (0.64–0.88) 0.90 (0.78–1.05)
Spatial empirical Bayes 0.69 (0.59–0.81) 0.79 (0.67–0.93) 0.92 (0.77–1.11)
Healthy foods
Crude 0.83 (0.75–0.93) 0.89 (0.80–0.99) 1.02 (0.93–1.13)
Empirical Bayes 0.71 (0.61–0.83) 0.80 (0.67–0.94) 0.99 (0.85–1.14)
Conditional empirical Bayes 0.65 (0.55–0.76) 0.72 (0.61–0.85) 0.94 (0.80–1.12)
Spatial empirical Bayes 0.59 (0.51–0.69) 0.65 (0.55–0.76) 0.88 (0.76–1.02)
Safety
Crude 0.77 (0.68–0.87) 0.88 (0.77–1.00) 0.93 (0.83–1.04)
Empirical Bayes 0.71 (0.61–0.83) 0.77 (0.66–0.89) 0.98 (0.84–1.15)
Conditional empirical Bayes 0.67 (0.58–0.77) 0.74 (0.63–0.86) 0.95 (0.82–1.10)
Spatial empirical Bayes 0.67 (0.57–0.79) 0.75 (0.63–0.88) 0.99 (0.84–1.16)
Social cohesion
Crude 0.83 (0.74–0.93) 0.89 (0.79–1.01) 1.02 (0.90–1.15)
Empirical Bayes 0.72 (0.60–0.86) 0.80 (0.67–0.96) 0.91 (0.76–1.08)
Conditional empirical Bayes 0.62 (0.52–0.74) 0.69 (0.57–0.83) 0.96 (0.78–1.18)
Spatial empirical Bayes 0.80 (0.66–0.97) 0.92 (0.76–1.12) 1.08 (0.92–1.28)
Combined
Crude 0.79 (0.71–0.87) 0.86 (0.77–0.96) 0.99 (0.89–1.10)
Empirical Bayes 0.81 (0.75–0.87) 0.87 (0.78–0.97) 0.97 (0.88–1.07)
Conditional empirical Bayes 0.75 (0.68–0.83) 0.80 (0.72–0.88) 0.92 (0.83–1.02)
Spatial empirical Bayes 0.76 (0.67–0.85) 0.80 (0.71–0.90) 0.98 (0.87–1.09)
Categories for all control variables are listed in Table 1.
Neighborhood scales range from 1 to 5; Mean and standard deviation for all scales (crude, empirical Bayes, conditional
empirical Bayes, and spatial empirical Bayes) are as follows:
Walking environment: 3.59 (0.43), 3.68 (0.31), 3.65 (0.31), and 3.41 (0.34); Availability of healthy foods: 3.30 (0.61), 3.22
(0.37), 3.18 (0.37), and 3.23 (0.42).
Safety: 3.19 (0.67), 2.89 (0.52), 2.87 (0.55), and 3.06 (0.56); Social cohesion: 3.36 (0.51), 3.04 (0.32), 3.01 (0.35), and 3.05
(0.38).
aModel 1: adjusted for site, age, sex; Model 2: site, age, sex, education, income; Model 3: site, age, sex, education, income,
race/ethnicity.
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cause features of census tracts are likely to be correlated with
features of the more specific areas relevant to the process
being studied.
The cross-sectional design of our study limits our
ability to infer causal associations. Because hypertension is
cumulative, a history of exposure to neighborhood conditions
is likely to be more relevant than exposure at a given time
point. In our study, 46% of participants resided in the same
neighborhood for at least 20 years with no significant inter-
actions between time lived in neighborhood and neighbor-
hood conditions. The absence of effect modification by time
lived in neighborhood could have resulted from individuals
being exposed to similar conditions in previous neighborhoods.
An additional concern is that individuals may spend limited time
in their neighborhood. In the Multi-Ethnic Study of Atheroscle-
rosis, individuals reported spending an average of 75% of their
time in their neighborhood during an average week.
Another limitation is the potential for measurement
error due to the subjective report of neighborhood conditions.
We previously reported differences in the ways in which
individuals respond to the scale items based on their
personal characteristics. For example, minorities were less
likely to report violence than whites within the same
areas.23 Variability due to individual subjectivity is aver-
aged out by aggregating individual responses within a
neighborhood, as we have done. The use of empirical
Bayes estimates also allows improved estimation for
neighborhoods by borrowing strength across areas.
Residual confounding by personal characteristics is
always a possibility. We attempted to control for the key
confounders of education and income. Although neighbor-
hood characteristics were associated with income and educa-
tion, there was sufficient overlap in these distributions to
allow meaningful adjustment for these variables. Due to
history of racial residential segregation in the United States,
African Americans and other minorities are often spatially
constrained to neighborhoods that are disadvantaged on mul-
tiple dimensions. In our analyses, associations of neighbor-
hood characteristics with hypertension virtually disappeared
after controlling for race/ethnicity. This finding results from
the tight association between race/ethnicity and place char-
acteristics in the United States context generally and in this
sample in particular.
Race/ethnicity may be a confounder of associations
between neighborhood factors and hypertension. It is also
possible that neighborhood characteristics contribute to race/
ethnic differences in hypertension, and that race/ethnicity is a
proxy for unmeasured neighborhood-level factors that co-
vary with the ones we are investigating. If this is the case,
race/ethnicity-adjusted associations of neighborhood charac-
teristics with hypertension may actually underestimate causal
neighborhood effects. Because of this complex issue we
report associations before and after adjustment for race/
ethnicity.
By investigating specific attributes such as neighbor-
hood walkability, availability of health foods, safety, and
social cohesion, our analyses point to some of the processes
through which environments may affect the development of
hypertension. Causal inference regarding the presence of
neighborhood health effects will benefit from more rigorous
observational studies (including improved measurement of
neighborhood attributes and longitudinal analyses), as well as
from the analysis of natural experiments (such as changes in
diet before and after the addition of a local supermarket to a
particular neighborhood). This work will also benefit from
studies that explore the complicated interplay between race/
ethnicity and place. If confirmed, our findings suggest that
efforts to prevent hypertension may benefit from attention to
the physical and social neighborhood environment.
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